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The effects of walking speed 
and mobile phone use 
on the walking dynamics of young 
adults
Patrick Crowley1,2,3*, Nicolas Vuillerme1,2,4,5, Afshin Samani1 & Pascal Madeleine1
Walking while using a mobile phone has been shown to affect the walking dynamics of young 
adults. However, this has only been investigated using treadmill walking at a fixed walking speed. 
In this study, the dynamics of over ground walking were investigated using lower trunk acceleration 
measured over 12 consecutive trials, following differing walking speed and mobile phone use 
instructions. Higher walking speed significantly increased the proportion of acceleration along the 
vertical measurement axis, while decreasing the proportion of acceleration along the anteroposterior 
axis (p < 0.001). Moreover, higher walking speed also resulted in increased sample entropy along 
all measurement axes (p < 0.05). When walking while texting, the maximum Lyapunov exponent 
increased along the anteroposterior and vertical measurement axes (p < 0.05), while sample entropy 
decreased significantly along the vertical axis (p < 0.001). Walking speed and mobile phone use both 
affect the walking dynamics of young adults. Walking while texting appears to produce a reduction in 
local dynamic stability and an increase in regularity, however, caution is required when interpreting 
the extent of this task effect, since walking speed also affected walking dynamics.
The speed at which we walk and the performance of a parallel task with a mobile phone will change how we 
 walk1–6. Previous studies have established the effect of mobile phone use while walking, on the spatiotemporal 
parameters of  walking3,7–15. However, to date just a few studies have investigated walking dynamics under this 
dual task  condition16–19. These studies provide relevant and valuable information, but their approach to meas-
uring the dynamics of walking are limited by two methodological aspects. Firstly, participants in these studies 
walked on a  treadmill16–19. This may induce walking dynamics that differ from those observed in everyday set-
tings involving over ground  walking20,21. Secondly, a reduction in gait velocity appears inherent when perform-
ing a mobile phone dual  task3,7–15. Therefore, a fixed walking speed may inadvertently impose what is actually 
a sub-optimal walking speed for that dual task condition. Therefore, the current study presents an alternative 
protocol using over ground walking and self-determined non-fixed walking speeds to more accurately reflect 
the dynamics of natural walking.
However, this protocol alone is not enough if traditional linear methods are subsequently used for analysis. 
Such methods only provide an indication of the extent of variability around a central point or mean. While some 
work has been done to define “optimal windows” of  variability22,23, the potential for detecting dynamic change 
through linear analysis is fundamentally limited. This is because the analysis of mean change, by definition, 
ignores or averages over any dynamic change that may be present. Therefore, to investigate walking as a dynamic 
behaviour nonlinear analysis methods must be used. Dynamical systems theory (DST) states that nonlinear 
analysis methods the investigation of dynamic behaviour, which can be defined as the patterns of change in 
a system state over  time24. In order to achieve functional healthy walking continuous adjustment in response 
to continuous stream of external and internal sensory input is required. Nonlinear analysis methods and DST 
provide a framework for understanding these adjustments and can therefore provide insight into the complexity 
of human  movement25,26. A consensus on what constitutes a measure of complexity in human movement is dif-
ficult to reach. Primarily because of the inherent difficulty of establishing a ground truth for complexity. There 
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are several definitions of complexity in the literature, and although differing in some aspects, each definition 
is linked through the acknowledgement that a complex system is one “involving many interacting subsystems27. 
Therefore, a full analysis of system complexity would require the analysis of each sub-system across multiple 
time scales. Since this is not always feasible, it may be more reasonable to aim for a partial analysis of system 
complexity through the extraction of a number of different traits representing the evolution pattern of a dynamic 
system over time. This is attempted in the current study through the analysis of regularity and predictability. 
Traits that can help to capture changes in  complexity28. The ability to identify a system of lower complexity is 
relevant when investigating the effects of pathological conditions and  aging28–30.
Acceleration of the lower trunk is an appropriate measure of walking dynamics, since it reflects both lower 
limb movement and the stabilization of the head, trunk and  arms31–33. The root mean square ratio (RMSratio) 
was used to provide an indication of the effect of walking speed instruction and dual task conditions on the vari-
ability of acceleration along each measurement axis. The root mean square of acceleration is a more conventional 
measure of variability in trunk  acceleration34, but a ratio of acceleration in each axial measurement direction to 
the modulus of acceleration is preferred because it facilitates comparisons across walking  speeds35. It is reported 
alongside the sample entropy of trunk acceleration (SaEn) and the maximum Lyapunov exponent (MaxLyE) 
derived from the acceleration time series. SaEn is interpreted to determine how the regularity of walking—con-
sidered as a trait of complexity in the current study—is affected by the change in walking conditions. Further 
the MaxLyE is used to estimate the ability to respond to small local perturbations (local dynamic stability) while 
 walking36, introduced by the noise interfering with movement execution.
Our study protocol used over ground walking, structured text messaging and semi-structured mobile phone 
conversations, to address the lack of scientific protocols aimed at capturing the natural walking dynamics under 
dual task conditions in a non-laboratory setting. As such, this study is the first to provide empirical evidence 
and insight for researchers, clinicians and practitioners, on the effects of walking speed and mobile phone use 
on the natural walking dynamics of young adults in ecologically valid setting using nonlinear analysis methods. 
The hypothesis was that change in walking dynamics would be affected by walking speed instruction and mobile 
phone use, when compared with the single task (walking only) condition. In particular, that local dynamic stabil-
ity would decrease at a sub-optimal walking  speed37 (induced by the fast walking speed instruction) and with 
mobile phone use due to the effect of the attentional demands produced by concurrent  tasks38,39.
Results
Variability of trunk acceleration. Multivariate analysis indicated a significant effect of walking speed 
instruction (Λ = 0.37,  F3, 17 = 9.6, p = 0.001) on the RMSratio (Table 1). Subsequent univariate analyses confirmed 
this effect along the VT (p < 0.001) and AP (p < 0.001) measurement axes (Table 1). Based on the average values 
presented in Fig. 1, the ratio of AP acceleration to the modulus of acceleration decreased from a normal to fast 
walking speed across all conditions while the ratio increased along the VT measurement axis. 
Nonlinear outcome measures. Multivariate analysis indicated a significant influence of both walking 
speed instruction (Λ = 0.26,  F3, 17 = 16.24, p < 0.001) and task (Λ = 0.36,  F6, 72 = 8.00, p < 0.001) on SaEn (Table 2). 
Univariate analyses confirmed a significant effect of speed along the AP (p < 0.05), VT (p < 0.001) and ML 
(p < 0.001) measurement axes. On average SaEn values increased from normal to fast walking speed across all 
conditions. When comparing task conditions, significant effects were observed in the VT (p < 0.001) direction 
(Table 2). Post hoc analysis using a Bonferroni adjustment indicated that this significant decrease was only evi-
dent when walking while texting was compared with walking in the single task condition (Fig. 2). 
Table 1.  Multivariate and univariate analysis results following a 2 × 3 RMANOVA assessing the influence of 
walking speed instruction and task on the root-mean-square ratio (RMSratio). ‘Λ’ denotes Wilk’s lambda; ‘F’ 
denotes the F-statistic (extent of the difference between group means). ‘p’ denotes the statistical significance; 
the threshold for significance was set at p < 0.05. ML mediolateral measurement axis, VT vertical measurement 
axis, AP anteroposterior measurement axis.
Task Walking speed Walking speed × task
Multivariate
F6,72 = 0.3 F3,17 = 9.6 F6,72 = 1.18
(p = 0.95) (p < 0.001) (p = 0.33)
Λ = 0.96 Λ = 0.37 Λ = 0.83
Task (no multivariate effect) Walking speed Walking speed × task (no multivariate effect)
Univariate
AP
F1.4,27.1 = 0.5 F1,19 = 18.4 F2,38 = 1.1
(p = 0.53) (p < 0.001) (p = 0.35)
VT
F2,38 = 0.01 F1,19 = 23.2 F2,38 = 0.8
(p = 0.99) (p < 0.001) (p = 0.46)
ML
F2,38 = 0.1 F1,19 = 0.1 F2,38 = 2.4
(p = 0.87) (p = 0.33) (p = 0.11)
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Multivariate analysis indicated a significant effect of task (Λ = 0.61,  F6, 72 = 3.41, p < 0.05) on MaxLyE (Table 3). 
This significant effect was confirmed by univariate analysis (Table 3), where an increase in MaxLyE was observed 
along the VT and AP measurement axes. Post hoc analysis using a Bonferroni adjustment indicated that these 
significant increases were only evident when walking while texting was compared with walking in the single 
task (walking only) condition (Fig. 3).
Walking speed. Multivariate analysis indicated a significant effect of both walking speed instruction 
(Λ = 0.18,  F1,19 = 85.22, p < 0.001) and task (Λ = 0.20,  F2,18 = 35.99, p < 0.001) on walking speed (Table 4). The inter-
action at a multivariate level between task and walking speed instruction was marginally below the level of statis-
tical significance (Λ = 0.72,  F2, 18 = 3.44, p = 0.054). Univariate analysis confirmed the effect of task  (F2, 38 = 52.95, 
p < 0.001) and walking speed instruction  (F1, 19 = 85.22, p < 0.001), but also indicated a significant interaction 
effect between the two  (F2, 38 = 3.66, p < 0.05). Post hoc analysis, using a Bonferroni adjustment showed significant 
differences in walking speed between each task condition. The trend in walking speed across task conditions can 
be seen in Fig. 4, where the dashed line represents the walking speed following fast walking speed instruction.
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Figure 1.  Mean root mean square ratio values when walking at self-selected normal (NWS) and fast walking 
speed (FWS), while texting on a mobile phone, talking, or performing no concurrent task (walking only). Black 
bars = anteroposterior axis, White bars = vertical axis, Grey bars = mediolateral axis. ‘*’ denotes a statistically 
significant effect of walking speed instruction.
Table 2.  Multivariate and univariate analysis results following a 2 × 3 RMANOVA assessing the influence of 
walking speed instruction and task on entropy (SaEn). ‘Λ’ denotes Wilk’s lambda; ‘F’ denotes the F-statistic 
(extent of the difference between group means). ‘p’ denotes the statistical significance; the threshold for 
significance was set at p < 0.05. ML mediolateral measurement axis, VT vertical measurement axis, AP 
anteroposterior measurement axis.
Task Walking speed Walking speed × task
Multivariate
F6,72 = 8.00 F3,17 = 16.24 F6,72 = 0.63
(p < 0.001) (p < 0.001) (p = 0.70)
Λ = 0.36 Λ = 0.26 Λ = 0.90
Task Walking speed Walking speed × task (no multivariate effect)
Univariate
AP
F2,38 = 1.32 F1,19 = 8.93 F2,38 = 1.21
(p = 0.28) (p < 0.05) (p = 0.31)
VT
F2,38 = 30.44 F1,19 = 45.16 F2,38 = 1.32
(p < 0.001) (p < 0.001) (p = 0.28)
ML
F1.5,37.1 = 1.53 F1,19 = 28.80 F1.5,28.9 = 0.22
(p = 0.23) (p < 0.001) (p = 0.74)
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Discussion
In this study, the dynamics of over ground walking among young, healthy adults were investigated. Walking 
was measured under three different mobile phone use conditions, performed at two different walking speeds. 
Our findings suggest that both walking speed and mobile phone dual task affected walking dynamics. At a self-
selected fast walking speed, these effects were evident in an increase in the sample entropy of trunk acceleration 
and a shift in the ratio of trunk acceleration in favor of the VT measurement axis. Further, with the addition of 
a texting task while walking local dynamic stability reduced and sample entropy decreased.
Concerning walking speed, the observed shift in the ratio between axial acceleration and the modulus, from 
the AP measurement axis, in favor of the VT measurement axis is somewhat unexpected. Previously a shift in 
the RMSratio in the ML measurement axis was  reported35, whereas no significant shift in the ratio of accelera-
tion along this axis was observed in the current study. With regard to changes in sample entropy, our results are 
similar to those previously observed in the stride parameters of young adults walking at different walking  speeds6.
Concerning the effects of mobile phone use, our findings are less surprising but still somewhat in contrast 
with the findings of previous studies. Firstly, the effect of mobile phone dual tasks were not the same. Whereas 
the dynamics of walking while talking on a mobile phone showed little difference from walking dynamics in 
the single task condition, there were differences observed when walking while texting. Under this condition, a 
significant increase in MaxLyE value along the VT measurement axis was observed; suggesting decreased local 
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Figure 2.  Mean sample entropy (SaEn) values when walking at self-selected normal (NWS) and fast walking 
speed (FWS) while texting on a mobile phone, talking, or performing no concurrent task (walking only). Black 
bars = anteroposterior axis, White bars = vertical axis, Grey bars = mediolateral axis. ‘*’ denotes a statistically 
significant effect of walking speed instruction. ‘t’ denotes a statistically significant effect of task.
Table 3.  Multivariate and univariate analysis results following a 2 × 3 RMANOVA assessing the influence of 
walking speed instruction and task on the maximum Lyapunov exponent (MaxLyE). ‘Λ’ denotes Wilk’s lambda; 
‘F’ denotes the F-statistic (extent of the difference between group means). ‘p’ denotes the statistical significance; 
the threshold for significance was set at p < 0.05. ML mediolateral measurement axis, VT vertical measurement 
axis, AP anteroposterior measurement axis.
Task Walking speed Walking speed × task
Multivariate
F6,72 = 3.41 F3,17 = 0.64 F6,72 = 0.71
(p < 0.05) (p = 0.60) (p = 0.64)
Λ = 0.61 Λ = 0.90 Λ = 0.89
Task Walking speed (no multivariate effect) Walking speed × task (no multivariate effect)
Univariate
AP
F2,38 = 6.47 F1,19 = 0.14 F2,38 = 1.43
(p < 0.05) (p = 0.72) (p = 0.25)
VT
F2,38 = 4.63 F1,19 = 0.24 F2,38 = 0.73
(p < 0.05) (p = 0.63) (p = 0.49)
ML
F2,38 = 3.22 F1,19 = 0.40 F2,38 = 0.24
(p = 0.05) (p = 0.54) (p = 0.79)
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dynamic stability. Similar findings of decreased local dynamic stability have previously been reported in a study 
similar to the current study, but making use of a  treadmill16. However, the increases in that study were along 
the AP and ML measurement  axes16. Moreover, a further two comparable treadmill-based studies reported no 
changes in dynamic  stability17,18. Clearly, a definitive consensus is difficult to achieve and a number of potential 
explanations for these discrepancies must be considered.
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Figure 3.  Mean maximum Lyapunov exponents when walking at self-selected normal (NWS) and fast walking 
speed (FWS), while texting on a mobile phone, talking, or performing no concurrent task (walking only). Black 
bars = anteroposterior axis, White bars = vertical axis, Grey bars = mediolateral axis. ‘*’ denotes a statistically 
significant effect of walking speed instruction. ‘t’ denotes a statistically significant effect of task.
Table 4.  Mean walking speed for each walking condition and the coefficient of variation (CV) value. Values 
are presented as Mean (± 1 standard deviation). NWS self-selected normal walking speed, FWS self-selected 
fast walking speed. CV = (Standard deviation/mean)*100.
Walking only
Walking and talking on 
a phone
Walking and texting on 
a phone
NWS FWS NWS FWS NWS FWS
Walking speed (m/s) 1.65 (0.17) 2.00 (0.19) 1.54 (0.16) 1.81 (0.18) 1.42 (0.18) 1.68 (0.20)
CV of walking speed 10.2 9.5 10.6 9.8 12.2 11.9


















Normal speed walking instruction
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The first possible explanation is that walking while texting is detrimental to the walking dynamics of young 
adults causing reduced local dynamic stability. An increased MaxLyE value is indicative of a less dynamically 
stable system. For example, an increase in MaxLyE values has been repeatedly observed among fall-prone older 
adults—a group typically considered to represent poor walking  ability40–42. However, compared with a rela-
tive difference in MaxLyE values between a healthy and a patient group with a known neurological condition 
impairing gait (a difference of approximately 21%)43, the differences in MaxLyE values between single task 
walking and walking while texting was relatively small (14% and 9% at normal and fast walking speeds respec-
tively). Therefore, it would seem that while the present changes observed when walking while texting change 
the dynamics relative to normal walking, they might not be sufficient to have practical implications in terms of 
local dynamic stability.
A second possible explanation acknowledges the possibility of an inverse relationship between sample entropy 
and maximum Lyapunov exponent, whereby higher entropy may lead to a lower exponent value as suggested 
by recent work investigating the effects of noisy time  series44. For our results, this would mean that some of the 
observed task-effect could be explained by the changes in walking speed. Moreover, while the current study 
reports an increased MaxLyE along the VT measurement axis, it has been stated that the ML axis that is the 
“best candidate” to detect detrimental changes in local dynamic  stability43.There was no significant change along 
this axis. In addition, MaxLyE values in the VT have been shown to increase with walking speed without any 
additional dual  task37, but it must also be mentioned that methodological differences make direct comparisons 
difficult. A difficulty highlighted in a recent review on the  MaxLyE45.
Our interpretation is that both explanations are likely to play a role in our findings. It seems unlikely that 
texting while walking would not cause distraction, but it may be that young adults have the cognitive acuity to 
handle the competition for attentional resources and the changed demand on visual processing systems, with 
only slight adjustments to their dynamics of  walking19,38,39,46. However, further research is required to confirm 
the link between biomechanical variables, neural processes and perception.
A strength of our study is a protocol design aimed at capturing the natural walking dynamics. However, it 
is not without limitations. Firstly, the choice of over ground walking led to a shorter time series for analysis (30 
strides). This leads to theoretical difficulty in calculating the MaxLyE and achieving a stable estimate. Fifty or 150 
strides have been recommended to achieve a stable  estimate44,47. The current study presents a protocol design 
that can be considered ecologically valid meaning that longer time series would not represent real texting while 
walking task. Thus, the stability of the MaxLyE estimate was investigated and it was found to be relatively stable at 
30 strides (Supplementary information). Secondly, over ground walking at a self-determined, non-fixed, walking 
speeds allows for changes in walking speed during each walking trial. This makes it difficult to distinguish the 
effect of walking speed from the other concurrent task like texting. To address this, walking speed across task 
conditions was compared and showed similar trends in walking speed across conditions (Table 4 and Fig. 4). 
Thirdly, while over ground walking was chosen to reflect the natural walking dynamics, it does introduce the 
element of changing sensory input arising from the walking environment (e.g. changing visual input as the par-
ticipant progresses along the corridor). However, since environmental conditions were largely identical across 
conditions in the current study, this is also judged to have had little effect on the reported results. A further 
final limitation of the current study lies in the choice of algorithm for the detection of the maximum Lyapunov 
exponents, as each algorithm has its own inherent limitations.
The Wolf algorithm was chosen in the current study, as it appears to be more appropriate for short experi-
mental data sets; however, it is susceptible to noise and relies on the selection of initial  parameters48. To account 
for these limitations, a low pass filter was applied to reduce the noise level as  suggested44,49,50. In addition, the 
selected initial parameters are reported in the methods section to facilitate comparison in future studies. The 
embedding dimension and time delay were fixed (average of the individual embedding dimension and time delay 
of each series) in line with the recommendations of recent  findings51,52.
In conclusion, our findings suggest that both walking speed and mobile phone use affect the walking dynamics 
of over ground walking among young, healthy adults. Walking speed had a clear effect on the variability of trunk 
acceleration as quantified by RMSratio, and the complexity or regularity of trunk accelerations as quantified 
by sample entropy. The mobile phone dual task of walking while talking had no significant effect on walking 
dynamics, whereas texting while walking increased the variability of trunk acceleration, decreased the regular-
ity or complexity of trunk accelerations, and decreased the local dynamic stability of walking as quantified by 
the maximum Lyapunov exponent. Despite these changes in walking dynamics, the current sample of young, 
healthy adults, were able to cope with the mobile phone dual task conditions. Future research in this area may 
consider more collaboration across research groups aimed at implementing the next-generation tools proposed 
by  Ioannidis53, such as prospective meta-analyses, as an effective and efficient approach to achieving consensus 
on these important questions. Nonlinear analysis methods need to be supported by further evidence and research 
so that their practical implications and implementation can be realized.
Methods
Participants. Twenty healthy young adults (11 males, 9 females; age: 27 ± 5.5 yrs. (mean ± 1 standard devia-
tion); height: 174 ± 7.7 cm and body mass: 71 ± 10.6 kg) participated. A sub-sample of the present participants 
(nine out of 20) has previously been used to investigate the changes in spatiotemporal stride parameters based 
on shoe-worn  accelerometers9, however, in the current study trunk worn accelerometers, not used elsewhere, 
are used. Participants were required to have had possession of their current mobile phone for longer than one 
month and engage in regular use (at least once every hour). All participants provided written informed consent 
as per the ethics committee of the North Denmark Region (LBK nr. 1083) guidelines and the declaration of 
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Helsinki. This study was carried out following approval from the secretariat for the Scientific Ethics Committee 
in the North Denmark Region.
Experimental protocol. Participants repeated six conditions consisting of self-selected normal and fast 
speed over ground walking, while texting on a mobile phone, talking, or performing no concurrent task. As 
such, each participant completed 12 walking trials in total along an approximately 80-m long and 1.6 m wide 
indoor office corridor. Walking trials were performed after working hours and under well-lit conditions. The 
participant’s walking speed was self-determined following simple instruction to walk at a normal or fast walk-
ing speed (e.g. “this time I would like you to walk at a normal speed”). The sequence of conditions followed a 
randomized partial counterbalance design and were without specific task prioritization. This is because young 
adults seem to exhibit a prioritization-dependent increase or decrease gait speed and texting  accuracy54. A tri-
axial accelerometer Physilog (Gait Up SA, Lausanne, Switzerland) was attached to the skin at the level of L4/L5 
spinous process to record trunk accelerations during each trial. Raw accelerations files (.bin) were downloaded 
using the Research Toolkit v1.5.0 (Gait Up SA, Lausanne, Switzerland) and subsequently imported to Matlab 
R2018b (MathWorks, Natick, MA).
Accelerometer data pre‑processing. Data was sampled at 200 Hz. A correction procedure described 
by Moe-Nilsson (1998) 55—consisting of decomposing acceleration signals into the static gravity and dynamic 
acceleration components—removed the confounding effects of both the gravity measurement and inevitable 
accelerometer  misalignment55.
Stride detection. Thirty strides were located in the mid-section of the recorded signal using the ‘peakfinder’ 
Matlab function with a minimum peak distance of 50 samples for fast walking speed trials and 75 samples for normal 
walking speed trials. Upward and downward peak detection threshold was set as:Threshold = rms(VT)− 0.05 , 
where VT is the acceleration along the vertical measurement axis. To facilitate a more accurate peak detection 
a 5th order zero-phase digital band pass filter [0.5–10 Hz] was applied. This filter was used for stride detection 
only. A single stride was the period between consecutive heel strikes of the same limb (i.e., signified by every 
second acceleration peak in the VT signal, counting from the end of the first stride)56.
Calculation of walking speed. Walking speed was calculated as the time taken to cover the 80-m walk-
ing distance (i.e. for the entire trial and not just the 30-stride mid-section) and reported as meters per second.
Calculation of the root‑mean‑square ratio. The RMSratio describes the change in the relative magni-
tude of acceleration along each measurement axes while walking, reflecting the variability in acceleration. Since 
the magnitude of acceleration will be higher at increasing walking  speeds57,58, comparison between trials at dif-
ferent walking speeds are confounded without the use of a ratio. Therefore, we chose to calculate the RMSratio 
over the traditional root-mean-square, as it is robust to differences in walking  speeds35. RMSratio was calculated 
for trunk accelerations along the AP, VT, and ML measurement axes. Calculation followed two steps, (1) the 
calculation of the total vector magnitude [Eq. (1) and (2)] calculation of the RMSratio (Eq. 2):
where  TRMS is the RMS total vector magnitude.
where  RMSratio is the ratio between RMS of acceleration (m/s2) in each direction and the RMS of total vector 
magnitude and ‘d’ indicates the direction of acceleration.
Nonlinear metrics. Takens’ theorem states that it is possible to construct characteristically identical copies 
of a dynamic system using a number of time-delayed copies of the trajectory evolution of a single point in that 
 system59. Using this construction, it is then possible to analysis the patterns of system behaviour. Since it has 
been suggested that the Wolf algorithm is particularly susceptible to the effects of noise, we applied a zero phase 
 5th order low pass Butterworth filter, with a cut off frequency of 50 Hz. All calculations were performed in Mat-
lab R2019b (The MathWorks, Natick, MA). SaEn and MaxLyE calculations were completed with the help of the 
University of Nebraska at Omaha Biomechanics Nonlinear Analysis Toolbox (UNO Biomechanics 2019, https ://
www.mathw orks.com/matla bcent ral/filee xchan ge/71907 -uno-biome chani cs-nonli near-analy sis-toolb ox).
Calculation of sample entropy. SaEn was calculated for all walking trials as an indicator or trait of com-
plexity using the method described by Richman &  Moorman60 and implemented by  others61,62. A lower value of 
SaEn (unit-less) signifies a greater regularity of a time series or a trait of lower  complexity27,60. For the analysis, 
m = 2 and r = 0.3*standard deviation.
Calculation of the maximum Lyapunov exponent. We calculated the MaxLyE for each participant 
under all conditions. An increase in the MaxLyE indicates a decrease in local dynamic  stability45. MaxLyE (bits) 
was calculated using the Wolf  algorithm49. This algorithm uses the average divergence of nearby trajectories 
from a single reference trajectory, providing the largest MaxLyE representing the largest rate of  divergence45. 
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 estimation63, all trials were resampled to uniform length 3000 data points without enforcing a uniform number 
of samples per stride. The average of mutual information analysis was used to determine the appropriate time 
delay (τ) at which sufficient new information about the evolution of the system was apparent and we assessed 
the appropriate number of embedding dimensions (dE) by identifying false nearest neighbours using global 
false nearest neighbour analysis. τ and dE were calculated individually for each time series, however to facilitate 
comparison between trials, fixed τ and dE values were used for MaxLyE calculation51. Fixed τ and dE values 
were derived as the overall average of the individual trials τ and dE values (τ = 12 and dE = 7). R-tolerance and 
A-tolerance were set at 15 and 2 respectively, while the evolutions were set between 0.5 and 1.5 cycles (evolve 
iteration = 200)49. Since the calculation was over just 30 strides, producing a relatively short time series, a sensi-
tivity analysis was performed to verify the consistency of the estimate. This sensitivity analysis consisted of plot-
ting the MaxLyE estimate at each evolution of the algorithm. The plots resulting from this analysis can be found 
in the Supplementary Information.
Statistical analysis. We used Q–Q plot and Kolmogorov–Smirnov tests to assess the distribution of data. 
A 2 × 3 within-subject repeated-measures analysis of variance (2 × 3 RMANOVA) assessed the influence of walk-
ing speed (normal and fast), task (single task, dual task of texting on a mobile phone, dual task of talking on 
a mobile phone), and interactions between the walking speed and task on RMSratio, SaEn, and MaxLyE. We 
report both the Wilk’s Lambda (Λ), where lower values indicate a larger effect contribution and the test-statistic 
indicating the F-distribution. For walking speed, the influence of walking speed instruction and task, and interac-
tions between instruction and task, were investigated. In the case of a significant finding at the multivariate level, 
analysis at a univariate level followed to investigate each of the outcomes individually. Finally, post-hoc analy-
ses were conducted, using a Bonferroni adjustment for multiple comparison, to assess pair-wise comparisons 
between the three task conditions. All statistical analysis was done using SPSS (IBM Statistics Data Editor V24). 
p < 0.05 was considered significant.
Data availability
The results of sensitivity analyses have been included as supplementary information. Data can be made available 
upon reasonable request.
Received: 11 March 2020; Accepted: 10 December 2020
References
 1. Al-Yahya, E. et al. Cognitive motor interference while walking: a systematic review and meta-analysis. Neurosci. Biobehav. Rev. 
35(3), 715–728 (2011).
 2. Chien, J. H., Yentes, J., Stergiou, N., & Siu, K. C. The effect of walking speed on gait variability in healthy young, middle-aged and 
elderly individuals. J. Phys Act. Nutr. Rehabil. http://www.panr.com.cy/index .php/artic le/the-effec t-of-walki ng-speed -on-gait-varia 
bilit y-in-healt hy-young -middl e-aged-and-elder ly-indiv idual s/ (2015).
 3. Crowley, P., Madeleine, P. & Vuillerme, N. Effects of mobile phone use during walking: a review. Crit. Rev. Phys. Rehab. Med. 
28(1–2), 101–119 (2016).
 4. Krasovsky, T., Weiss, P. L. & Kizony, R. A narrative review of texting as a visually-dependent cognitive-motor secondary task during 
locomotion. Gait Posture. 52, 354–362 (2017).
 5. Oberg, T., Karsznia, A. & Oberg, K. Basic gait parameters: reference data for normal subjects, 10–79 years of age. J. Rehabil. Res. 
30(2), 210–223 (1993).
 6. Thomas, K. S., Russell, D. M., Van Lunen, B. L., Colberg, S. R. & Morrison, S. The impact of speed and time on gait dynamics. 
Hum. Mov. Sci. 54, 320–330 (2017).
 7. Agostini, V., Lo Fermo, F., Massazza, G. & Knaflitz, M. Does texting while walking really affect gait in young adults?. J Neuroeng 
Rehabil. https ://doi.org/10.1186/s1298 4-015-0079-4 (2015).
 8. Lim, J., Amado, A., Sheehan, L. & Van Emmerik, R. E. Dual task interference during walking: The effects of texting on situational 
awareness and gait stability. Gait Posture 42(4), 466–471 (2015).
 9. Crowley, P., Madeleine, P. & Vuillerme, N. The effects of mobile phone use on walking: a dual task study. BMC Res. Notes 12(1), 
352–357 (2019).
 10. Strubhar, A. J. et al. The effect of text messaging on reactive balance and the temporal and spatial characterisitics of gait. Gait 
Posture 42(4), 580–583 (2015).
 11. Agostini, V., Lo Fermo, F., Massazza, G. & Knaflitz, M. Does texting while walking really affect gait in young adults?. J. Neuroeng. 
Rehabil. 12, 86–96 (2015).
 12. License, S., Smith, R., McGuigan, M. P. & Earnest, C. P. Gait pattern alterations during walking, texting and walking and texting 
during cognitively distractive tasks while negotiating common pedestrian obstacles. PLoS ONE 10(7), e0133281 (2015).
 13. Parr, N. D., Hass, C. J. & Tillman, M. D. Cellular phone texting impairs gait in able-bodied young adults. J. Appl. Biomech. 30(6), 
685–688 (2014).
 14. Schabrun, S. M., van den Hoorn, W., Moorcroft, A., Greenland, C. & Hodges, P. W. Texting and walking: strategies for postural 
control and implications for safety. PLoS ONE 9(1), e84312 (2014).
 15. Lamberg, E. M. & Muratori, L. M. Cell phones change the way that we walk. Gait Posture 35(4), 688–690 (2012).
 16. Magnani, R. M. et al. Local dynamic stability and gait variability during attentional tasks in young adults. Gait Posture 55, 105–108 
(2017).
 17. Kao, P. C., Higginson, C. I., Seymour, K., Kamerdze, M. & Higginson, J. S. Walking stability during cell phone use in healthy adults. 
Gait Posture 41(4), 947–953 (2015).
 18. Hamacher, D. et al. The reliability of local dynamic stability in walking while texting and performing an arithmetical problem. 
Gait Posture 44, 200–203 (2016).
 19. Lim, J., Ho Chang, S., Lee, J. & Kim, K. Effects of smartphone texting on the visual perception and dynamic walking stability. J. 
Exerc. Rehabil. 13(1), 48–54 (2017).
 20. Bizovska, L. et al. The differences between over ground and treadmill walking in nonlinear, entropy-based and frequency variables 
derived from accelerometers in young and older women: preliminary report. Acta Bioeng. Biomech. 20(1), 93–100 (2018).
9
Vol.:(0123456789)
Scientific Reports |         (2021) 11:1237  | https://doi.org/10.1038/s41598-020-79584-5
www.nature.com/scientificreports/
 21. Dingwell, J. B., Cusumano, J. P., Cavanagh, P. R. & Sternad, D. Local dynamic stability versus kinematic variability of continuous 
over ground and treadmill walking. J. Biomech. Eng. 123(1), 27–32 (2000).
 22. König, N., Taylor, W. R., Baumann, C. R., Wendroth, N. & Singh, N. B. Revealing the quality of movement: a meta-analysis review 
to quantify the thresholds to pathological variability during standing and walking. Neurosci. Biobehav. Rev. 68, 111–119 (2016).
 23. Ravi, D. K. et al. Revealing the optimal thresholds for movement performance: a systematic review and meta-analysis to benchmark 
pathological walking behaviour. Neurosci. Biobehav. Rev. 108, 24–33 (2020).
 24. Stergiou, N. (ed.) Nonlinear Analysis for Human Movement Variability (CRC Press, Boca Raton, 2016).
 25. Mayer-Kress, G., Liu, Y. T. & Newell, K. M. J. C. Complex systems and human movement. Complexity 12(2), 40–51 (2006).
 26. Harrison, S. J. & Stergiou, N. Complex adaptive behavior and dexterous action. Nonlinear Dyn. Psychol. Life Sci. 19(4), 345–394 
(2015).
 27. Yentes, J. M. et al. The appropriate use of approximate entropy and sample entropy with short data sets. Ann. Biomed. Engin. 41(2), 
349–365 (2013).
 28. Pincus, S. M. & Goldeberger, A. L. Physiological time-series analysis: what does regularity quantify?. Am. J. Physiol. 266(35), 
H1643–H1656 (1994).
 29. Lipsitz, L. A. & Goldberger, A. L. Loss of ‘complexity’ and aging: potential applications of fractals and chaos theory to senescence. 
JAMA 267, 1806–1809 (1992).
 30. Lipsitz, L. A. Dynamics of stability: the physiologic basis of functional health and frailty. J. Geron. Bio. Sci. 57A(3), B115–B125 
(2002).
 31. Zijlstra, W. & Hof, A. L. Displacement of the pelvis during human walking: experimental data and model predictions. Gait Posture 
6, 249–262 (1997).
 32. Zijlstra, W. & Hof, A. L. Assessment of spatio-temporal gait parameters from trunk accelerations during human walking. Gait 
Posture 18(2), 1–10 (2003).
 33. Moe-Nilssen, R. & Helbostad, J. L. Estimation of gait cycle characteristics by trunk accelerometry. J. Biomech. 37(1), 121–126 
(2004).
 34. Svenningsen, F. P., Pavailler, S., Giandolini, M., Horvais, N. & Madeleine, P. A narrative review of potential measures of dynamic 
stability to be used during outdoor locomotion on different surfaces. Sports. Biomech. 19(1), 120–140 (2020).
 35. Sekine, M. et al. A gait abnormality measure based on root mean square of trunk acceleration. J. Neuroeng. Rehabil. 10, 118–125 
(2013).
 36. Dingwell, J. B. & Cusumano, J. P. Nonlinear time series analysis of normal and pathological human walking. Chaos 10(4), 848–863 
(2000).
 37. Bruijn, S. M., van Dieën, J. H., Meijer, O. G. & Beek, P. J. Is slow walking more stable?. J. Biomech. 42(10), 1506–1512 (2009).
 38. Brown, S. Attentional resources in timing: interference effects in concurrent temporal and nontemporal working memory tasks. 
Percep. Psychophys. 59(7), 1118–1140 (1997).
 39. Leibowitz, H. & Post, R. Two Modes of Processing Concept and Some Implications. In Organization and Representation in Percep-
tion (ed. Beck, J.) 343–363 (Erlbaum, Hillsdale, 1982).
 40. Reynard, F. & Terrier, P. Role of visual input in the control of dynamic balance: variability and instability of gait in treadmill walk-
ing while blindfolded. Exp. Brain Res. 233(4), 1031–1040 (2015).
 41. Terrier, P. & Reynard, F. Effect of age on the variability and stability of gait: a cross-sectional treadmill study in healthy individuals 
between 20 and 69 years of age. Gait Posture 41(1), 170–174 (2015).
 42. Huijben, B., van Schooten, K. S., van Dieën, J. H. & Pijnappels, M. The effect of walking speed on quality of gait in older adults. 
Gait Posture 65, 112–116 (2018).
 43. Reynard, F., Vuadens, P., Deriaz, O. & Terrier, P. Could local dynamic stability serve as an early predictor of falls in patients with 
moderate neurological gait disorders? A reliability and comparison study in healthy individuals and in patients with paresis of the 
lower extremities. PLoS ONE 9(6), e100550 (2014).
 44. Mehdizadeh, S. & Sanjari, M. A. Effect of noise and filtering on largest Lyapunov exponent of time series associated with human 
walking. J. Biomech. 64(Nov), 236–239 (2017).
 45. Mehdizadeh, S. The largest Lyapunov exponent of gait in young and elderly individuals: a systematic review. Gait Posture 60, 
241–250 (2018).
 46. Wickens, C. D. Multiple resources and mental workload. Hum. Factors. 50(3), 449–455 (2008).
 47. Bruijn, S. M., van Dieën, J. H., Meijer, O. G. & Beek, P. J. Statistical precision and sensitivity of measures of dynamic gait stability. 
J. Neurosci. Methods 178(2), 327–333 (2009).
 48. Cignetti, F., Decker, L. M. & Stergiou, N. Sensitivity of the Wolf ’s and Rosenstein’s algorithms to evaluate local dynamic stability 
from small gait data sets. Ann. Biomed. Eng. 40(5), 1122–1130 (2012).
 49. Wolf, A., Swift, J. B., Swinney, H. L. & Vastano, J. A. Determining Lyapunov exponents from a time series. Physicia 16(3), 285–317 
(1985).
 50. Raffalt, P. C., Senderling, B. & Stergiou, N. Filtering affects the calculation of the largest Lyapunov exponent. Comput. Biol. Med. 
122, 103786 (2020).
 51. Raffalt, P. C., Kent, J. A., Wurdeman, S. R. & Stergiou, N. Selection procedures for the largest lyapunov exponent in gait biomechan-
ics. Ann. Biomed. Engin. 47(4), 913–923 (2019).
 52. Kraemer, K. H., Donner, R. V., Heitzig, J. & Marwan, N. Recurrence threshold selection for obtaining robust recurrence charac-
terisitics in different embedding dimensions. Chaos 28(8), 085720 (2018).
 53. Ioannidis, J. Next-generation systematic reviews: prospective meta-analysis, individual-level data, networks and umbrella reviews. 
Br. J. Sports Med. 51(20), 1456–1458 (2017).
 54. Plummer, P., Grewal, G., Najafi, B. & Ballard, A. Instructions and skill level influence reliability of dual-task performance in young 
adults. Gait Posture 41(4), 964–967 (2015).
 55. Moe-Nilssen, R. A new method for evaluating motor control in gait under real-life environmental conditions. Part 1: the instru-
ment. Clin. Biomech. 13(4), 320–327 (1998).
 56. Norris, M., Kenny, I. C. & Anderson, R. Comparison of accelerometery stride time calculation methods. J. Biomech. 49, 3031–3034 
(2016).
 57. Latt, M. D., Menz, H. B., Fung, V. S. & Lord, S. R. Walking speed, cadence and step length are selected to optimize the stability of 
head and pelvis accelerations. Exp. Brain. Res. 184(2), 201–209 (2008).
 58. Menz, H. B., Lord, S. R. & Fitzpatrick, R. C. Acceleration patterns of the head and pelvis when walking on level and irregular 
surfaces. Gait Posture 18(1), 35–46 (2003).
 59. Takens, F. Detecting strange attractors in turbulence. In: Rand D., Young, L. S., (Eds.) Dynamical Systems and Turbulence, Warwick 
1980, Berlin, Heidelberg. Lecture Notes in Mathematics. 898, (1981).
 60. Richman, J. S. & Moorman, J. R. Physiological time-series analysis using approximate entropy and sample entropy. Am. J. Physiol. 
278(6), H2039–H2049 (2000).
 61. Lamoth, C. J., Ainsworth, E., Polomski, W. & Houdijk, H. Variability and stability analysis of walking of transfemoral amputees. 
Med Eng Phys. 32(9), 1009–1014 (2010).
 62. Lamoth, C. J. et al. Gait stability and variability measures show effects of impaired cognition and dual tasking in frail people. J. 
Neuroeng. Rehabil. 8, 2–10 (2011).
10
Vol:.(1234567890)
Scientific Reports |         (2021) 11:1237  | https://doi.org/10.1038/s41598-020-79584-5
www.nature.com/scientificreports/
 63. England, S. A. & Granata, K. P. The influence of gait speed on local dynamic stability of walking. Gait Posture 25(2), 172–178 
(2007).
Acknowledgements
The participants are thanked for their participation in this study. This study is part of the Ph.D. thesis of the first 
author Patrick Crowley. This work is supported by Aalborg University and the French National Research Agency 
in the framework of the "Investissements d’avenir” program (ANR-10-AIRT-05 and ANR-15-IDEX-02). The 
sponsors had no involvement in the review and approval of the manuscript for publication. This work further 
forms part of a broader translational and interdisciplinary research program, GaitAlps (N.V.).
Author contributions
All authors contributed significantly to the production of this manuscript. P.C. produced an initial draft and 
completed data analysis. N.V. & P.M. participated in the design of the study. A.S. helped with data analysis. N.V., 
A.S., & P.M., modified and improved the manuscript text and provided input and guidance over numerous 
preliminary manuscript drafts. All authors have approved this final draft of this manuscript.
Competing interests 
The authors declare no competing interests.
Additional information
Supplementary Information The online version contains supplementary material available at https ://doi.
org/10.1038/s4159 8-020-79584 -5.
Correspondence and requests for materials should be addressed to P.C.
Reprints and permissions information is available at www.nature.com/reprints.
Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.
Open Access  This article is licensed under a Creative Commons Attribution 4.0 International 
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or 
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the 
Creative Commons licence, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from 
the copyright holder. To view a copy of this licence, visit http://creat iveco mmons .org/licen ses/by/4.0/.
© The Author(s) 2021
